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Available online at www.sciencedirect.comPatterning during organogenesis is fundamentally realized
through the interpretation of morphogen gradients by particular
types of gene regulatory networks (GRNs). However, as
quantitative studies have reported, spatial profiles of
morphogen gradients include intra-embryo and inter-embryo
variability, which could lead to errors in spatial recognition by
cells and variations in patterning. By mathematically modeling
the processes of generation and readout of spatial information
– information encoding and decoding, by an analogy to
computer communication – and maximizing the reproducibility
of patterning against noise, the general designs of gradient
profiles and their interpretation have been clarified.
Furthermore, over the past few years, basic studies on
patterning in more dynamic situations, that is, patterning in
growing tissues with time-variant gradients, have been
initiated. Here we provide an overview of patterning studies,
pattern generating GRNs, concepts of information coding
design for robust patterning, and patterning in growing tissues.
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Introduction
Patterning is a process that generates spatially non-
uniform gene expression patterns or, in a wider sense,
spatially heterogeneous cellular responses. There are two
ways to achieve patterning: one that is spontaneous,
resulting from the intrinsic instability of particular reac-
tion diffusion systems, as represented by Turing patterns
[1,2], another that is more programmatic, where patterns
are generated through the interpretation of morphogen
gradients by gene regulatory networks (GRNs), including
those involving transcriptional regulation and protein–
protein interactions [3–5]. In this review, we focus on the
Open access under CC BY-NC-ND license.www.sciencedirect.com mechanisms of the latter – morphogen-dependent pro-
grammatic patterning (Figure 1a).
Pattern generating GRNs
The French flag model is a popular classical model for
illustrating the concept of patterning (Figure 2a). Parti-
tioning tissues into subregions, a major purpose of pat-
terning, can be achieved by appropriately interpreting
given morphogen gradients using GRNs. Each GRN is
composed of network motifs that work as functional units.
Theoretical studies have elucidated possible functions of
each network motif.
Positive feedback loops work as switching or thresholding
devices by generating bistability in systems (Figure 2b).
They also serve a memory function, owing to hysteresis:
once the output reaches an ON (or OFF) state, the system
maintains the state, even if input levels change somewhat
over time [6–9]. Negative feedback loops (nFBLs) work
as temporal oscillation generators (Figure 2c). Temporal
oscillation of gene expression can be converted into
traveling waves by appropriate intercellular interaction,
such as through Notch-Delta signaling, generating a
striped spatial pattern. This mechanism is observed in
vertebrate somitogenesis or segmentation in the devel-
opment of insects with short germ bands [10]. The feed-
forward loop (FFL) motif is composed of two signaling
pathways with a common input and a common target
gene. Especially when the two pathways have opposite
effects on target genes (i.e. activating and inhibiting), the
motif is called an incoherent type (iFFL) [11,12]
(Figure 2d). Its main function is to respond to only the
middle range of an input signal. Thus, for a given mor-
phogen gradient, the peak activation of the target gene
appears a certain distance away from the source, that is,
the iFFL is regarded as a single-stripe generator
(Figure 2d). Striped gene expression by the iFFL motif
is widely observed in organogenesis [13–16].
One of the recent trends in the study on patterning is the
quantitative verification of theoretically predicted func-
tions of real GRNs for which wiring structures, reaction
parameters, and input-output functions have been deter-
mined experimentally [17,18,19,20–22]. On the more
theoretical side, with the aid of computer simulations,
there have been attempts to understand how experimen-
tally observed complex patterning is achieved by com-
bining the basic network motifs [23–28] (see Figure 2e for
examples). In an entirely different approach to under-
standing patterning, bioinformatics has also been used.Current Opinion in Genetics & Development 2012, 22:553–561
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(a) Interdependent relationship between morphogen gradient formation dynamics and gradient interpretation. Patterning is achieved by responding to
a given morphogen gradient using particular types of gene regulatory networks (see also Figure 2). As a result of gradient interpretation, cellular
responses, such as cell proliferation and change in morphogen expression level at its source, occur. These responses could change spatial profiles of
morphogen gradients and positions of cells in growing tissues. Thus, morphogen concentrations experienced by cells are time variant, and cells have
to decide their responses depending on time history. On the contrary, robustness of patterning against noise is a big problem. Robustness strongly
depends on the mechanisms of gradient interpretation and the gradient profile itself. Using an analogy to computer communication (b), the spatial
profile of a morphogen gradient is regarded as encoding spatial information; it provides a rule for relating the information that should be transferred (i.e.
position x) to the transmissive quantity (i.e. concentrations c1, c2, . . .). On the contrary, gradient interpretation is regarded as decoding; it provides a
rule for relating observed morphogen concentrations that include noise (c1
0, c20, . . .) to estimated position from them (xˆðc01; c02; . . .Þ) or to function
( fðxˆðc01; c02; . . .ÞÞ).From information about genes whose expression patterns
and cis-regulatory modules (CRMs) are already known,
model parameters are learned. These can include the
contribution of each transcription factor to the activation
or repression of genes and cooperativity with other tran-
scription factors. Using the parameter values obtained,
the prediction of expression patterns of target genes
becomes possible directly from genome sequences with-
out considering concrete gene regulatory networks
[29–31].
Information coding designs for robust
patterning against noise
If real biological systems were deterministic, that is,
the systems included no variability or noise, each cell
would perfectly recognize its own position without any
errors, and precise patterning would be achieved using
the GRNs described above. However, as many studies
have reported, noise is unavoidable [32–34]; there isCurrent Opinion in Genetics & Development 2012, 22:553–561 embryo-to-embryo variability in the spatial profiles of
morphogens, which is owing to factors such as variability
in source intensity and/or gradient steepness [35,36]
(Figure 3a). Therefore, cells in different embryos could
receive different concentrations, even if their relative
positions within the embryos were the same. In such a
case, a simple threshold-like response is insufficient to
realize patterning that is robust against noise; the position
of gene expression (ON) regions along a given axis could
differ between embryos (Figure 3a).
Considering the importance of accurate positioning for
achieving highly reproducible patterning, organisms are
likely to have evolved mechanisms that allow accurate
positioning even in the presence of noise. Two
approaches are possible to improve the accuracy of spatial
recognition by cells: one related to the mechanism of
gradient interpretation, and the other related to the
spatial profile of the morphogen itself (Figure 1a). In thiswww.sciencedirect.com
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evolution of morphogen gradients over time. Patterning
with these events is discussed in the next section.
From an engineering viewpoint, gradient interpretation
can be regarded as information decoding by analogy to
communications between computers (Figure 1b): each
cell recognizes its own position based on the received
morphogen concentration, which includes noise, and
responds appropriately according to position. This is a
problem of estimation of position from a noisy input
signal. A useful criterion of the goodness of the estimation
or positional information decoding is the mean square
error between estimated and true positions; in terms of
statistics, the maximum likelihood (ML) estimation of
position from a noisy input makes the error minimum
(more precisely for Gaussian variations). The study of
how such statistically optimal information decoding could
be implemented by biochemical reactions is a recent
trend in theoretical studies (see [37,38] for decoding
designs in the context of morphogen interpretation and
chemotaxis (a kind of gradient sensing), respectively. See
also [39] for a more abstract model for estimating extra-
cellular environmental changes through stochastic recep-
tor dynamics).
Figure 3(b) shows an example of how to divide a 1D tissue
equally into three subregions as precisely as possible
using two kinds of morphogen signals that include ran-
domness. A key point is that the precision of the division
is determined by how the chemical space, whose coordi-
nates are morphogen concentrations, is partitioned
(Figure 3b(i) and (ii)). Given noise properties (e.g. noise
variance and correlation) and average gradient profiles,
the optimal separation boundaries of the chemical space
are uniquely determined (see the red and blue regions in
Figure 3b(ii)). Adopting these boundaries as thresholds
for cellular responses (Figure 3b(iii)) would give the most
robust partitioning against noise (Figure 3b(iv)) (see [37]
for details). Whether a theoretically optimal decoding
design like the above is adopted in real systems is
expected to be verified experimentally in the future.
On the contrary, a morphogen gradient itself can be
regarded as a way of encoding spatial information, again
by analogy to computer communication (Figure 1b): cells
cannot directly recognize their positions. The spatial
information or spatial coordinate is transferred to cells
after being converted into transmissive quantities, that is,
concentrations of morphogens. Thus, a morphogen gra-
dient provides a rule that relates the information that
should be transferred (x) to the transmissive quantity (c1,
c2,   ) (Figure 1). Like decoding designs, encoding
designs, that is, spatial profiles of morphogen concen-
trations, make large contributions to the error size in
positional recognition by cells. Especially in 2D or 3D
situations, the morphogen profiles strongly depend on thewww.sciencedirect.com location of morphogen sources or the expression regions
of morphogen molecules. Thus, choosing appropriate
source locations is a main problem in encoding designs.
In vertebrate limb development, the observed source
location of SHH, a major morphogen critical for pattern-
ing, was shown to be quantitatively consistent with the
theoretically predicted best location (Figure 3c) [37,40].
Patterning with time-variant morphogen
gradients and tissue growth
As a result of gradient interpretation, cells may change
expression levels not only of patterning genes, but also of
growth factors and/or morphogens themselves at their
sources. These responses could change spatial profiles
of morphogen gradients and positions of cells owing to
tissue growth [41] (Figure 4a). Thus, morphogen concen-
trations experienced by cells could be time variant, and
cells would have to decide their responses, such as the
timing and levels of gene expression for patterning,
according to time history. In this manner, gradient
dynamics (encoding) and its interpretation (decoding)
are mutually interdependent events in general
(Figure 1a). Therefore, the main focus of recent pattern-
ing studies has been to clarify the designs of the inter-
dependent relationships that achieve robust patterning.
Over the past few years, as a first step toward addressing
this problem, the mechanisms for achieving robust pat-
terning independent of tissue size, ensuring a body plan
of reproducible proportions, have been studied. The
mechanisms are important because the size of the devel-
oping organism is highly variable, depending on external
nutrient conditions and genetic polymorphisms. In the
simplest situation, tissue growth rate is spatially uniform,
and the morphogen gradient scales with tissue size with-
out change in its source level (Figure 4b). In this case, the
relative position of each cell within a growing tissue and
the morphogen concentration that the cell experiences
are time invariant. Thus, a threshold-like response is
sufficient to achieve size-independent patterning.
Possible mechanisms have been proposed to achieve such
a scaled gradient [42,43]. This type of patterning is
reported for Dpp in the wing disc [44,45] and nuclear
Bicoid in the early Drosophila embryo [46,47].
In other systems, gradient scaling with time-variant
source intensity is observed (Figure 4c). For example,
during early development of Drosophila, the Dorsal gra-
dient along the dorso-ventral axis scales with increasing
source intensity [48–50]. The gradient of Dpp signaling
along the AP axis in the wing disc also scales with the
increasing source intensity during larval stages [43]
(although this result is inconsistent with the report by
[45]). In the latter system, interestingly, the cell prolifer-
ation rate is independent of position (i.e. spatially uniform
growth) in the wing disc, even though cell proliferation
itself depends on Dpp signaling, whose level is differentCurrent Opinion in Genetics & Development 2012, 22:553–561
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Pattern-generating gene regulatory networks (GRNs). (a) French flag model, a classical model of patterning. (b) Positive feedback loop (pFBL), whose
function is generating bistability of cellular response, enabling spatial partitioning. (c) Negative feedback loop (nFBL), whose function is generating
temporal oscillation in a cell. A particular cell–cell interaction could convert the oscillation to a spatially striped pattern. (d) Incoherent feed-forward
loop (iFFL), which enables a cell to respond to only a middle range of input. For a gradient, iFFL works as a single-stripe generator. (e) Combination of
Current Opinion in Genetics & Development 2012, 22:553–561 www.sciencedirect.com
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(a) A simple threshold-like response is insufficient for robust patterning in the presence of embryo-to-embryo variability in morphogen spatial profile.
For exponential gradients, the variability could be owing to variability in source intensity and/or gradient steepness. Black and magenta lines are
morphogen gradient and cellular response for different embryos, respectively. (b) (i) Partitioning of 1D tissue into three subregions using two
morphogens whose average profiles over embryos are given by C1(x) and C2(x). (ii) For given gradient properties (i.e. noise and steepness), equi-
positional lines, xˆðc1; c2Þ ¼ 1=3 and xˆðc1; c2Þ ¼ 2=3, are uniquely determined in the chemical space, and their coordinates are morphogen
concentrations (see [37] for details on the calculation of the equi-positional lines). Adopting these lines as thresholds for cellular responses (iii) gives
the most robust partitioning against noise (iv). In this manner, for robust partitioning of tissue, appropriate partitioning of the chemical space is
fundamentally important. (v) Note that the way to achieve the best partitioning of the chemical space strongly depends on gradient properties. (c)
Optimal location of SHH source in vertebrate limb bud to maximize the precision of 2D positioning or spatial recognition by cells.
(Figure 2 Legend Continued) FFLs and FBLs. When iFFLs are connected in series, the stripe number is doubled (left); when connected in parallel, a
stripe is added (middle). Combining iFFL and pFBL, a single stripe with a sharp boundary is generated (right).
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rule by which cells divide when Dpp signaling levels have
increased by 50%. Such a rule is considered to be
achieved by adaptation or fold change detection (FCD)
mechanisms [51,52]. For scaling gradients with time-
variant source intensity, this mechanism achieves pos-
ition-independent growth rates.
It is not clear whether gradient scaling with spatially
uniform growth is universally observed. Actually, in some
systems, the spatial profile of morphogen gradients
changes dynamically over time without scaling
(Figure 4d); for example, Hh in the wing disc, Broad in
eggshell, and Shh in vertebrate neural tube [53,54,55].
In particular, during neural tube development, the iden-
tity of neural precursor subtypes of ventral cells is deter-
mined by Shh signals from the notochord. It is reported
that Shh expression levels in the notochord increase with
time and that cell fate decisions depend on the duration of
Shh signaling and the signaling level [55]. Complex
time histories of morphogen concentrations experienced
by cells are considered to be important for realizing
spatially and temporally complex patterning. Clarifying
the relationship between the time histories and cellular
responses and/or fate determination is one of the more
important issues in patterning studies. Computer simu-
lation can be a powerful tool for understanding such
complex dynamics.
From an engineering viewpoint, exploring optimal
designs for achieving accurate spatial recognition in dyna-
mically changing environments is an interesting problem;
cells need to update the estimates of their positions over
time. In the field of neural networks or brain science,
there is an accumulation of technical knowledge on such
estimation problems [56]. Especially, concepts of sequen-
tial inference based on Bayesian updating will be useful
for understanding general mechanisms for robustly
achieving dynamic patterning.
Outlook
Much knowledge and information about pattern generat-
ing GRNs has been gathered in recent years. By contrast,
research on mechanisms for generating robust patterns in
growing tissues with time-variant morphogen information
is just beginning. In particular, there are few reports about
higher-dimensional patterning. General principles for
robust patterning adopted by real systems will be eluci-
dated only by quantitatively analyzing the interdepen-
dent relationships among gradient dynamics, cell(Figure 4 Legend Conntinued) (a) Tissue growth pattern and positional ch
regardless of position x, cell trajectory of a cell x(X, t) is given by the exponen
each cell in a growing tissue does not change. (Right) In general, for non-unifo
uniform growth with a morphogen gradient that scales with tissue size witho
experienced concentration are time-invariant. (c) The case in which morpho
uniform growth. (d) In general, growth pattern is not spatially uniform, and th
morphogen concentration experienced by each cell is complex, which migh
www.sciencedirect.com trajectory in growing tissues, and time series of cellular
responses. To do that, it goes without saying that math-
ematical modeling of spatial information coding and
simulation studies, as well as advanced measurement
techniques, will play crucial roles.
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